The intent of this paper is to demonstrate how the accuracy of 3D position tracking can be improved by considering rover locomotion in rough terrain as a holistic problem. Although the selection of good sensors is crucial to accurately track the rover's position, it is not the only aspect to consider. Indeed, the use of an unadapted locomotion concept severely affects the signal to noise ratio of the sensors, which leads to poor motion estimates. In this work, a mechanical structure allowing smooth motion across obstacles with limited wheel slip is used. In particular, this enables the use of odometry and inertial sensors to improve the position estimation in rough terrain. A method for computing 3D motion increments based on the wheel encoders and chassis state sensors is developed. Because it accounts for the kinematics of the rover, this method provides better results than the standard approach. To further improve the accuracy of the position tracking and the rover's climbing performance, a controller minimizing wheel slip has been developed. The algorithm runs online and can be adapted to any kind of passive wheeled rover. Finally, sensor fusion using 3D-Odometry, inertial sensors and visual motion estimation based on stereovision is presented. The experimental results demonstrate how each sensor contributes to increase the accuracy and robustness of the 3D position estimation.
Introduction
In the literature, the localization task is generally divided into two phases: (a) the first step consists in the integration of dead reckoning sensors to predict the vehicle location; (b) the second phase, which is usually activated at a much slower rate, uses an absolute exteroceptive sensing mechanism to update the predicted position. Many research works are related to road vehicle applications, in which an Inertial Measurement Unit (IMU) is used to provide higher update rate of the position between two consecutive GPS data acquisitions (Nebot et al. 1997) . In Bevly et al. (2001) the same pair of sensors is used for both localization and estimation of wheel diameter change and vehicle sideslip. Dissanayake et al. (2001) propose to use the non-holonomic constraints that govern the motion of a vehicle on a surface to align the IMU and significantly improve the accuracy of the localization.
Most applications tackle the problem of vehicle localization on flat and smooth soil. In such conditions, relatively accurate vehicle models can be developed, which lead to good state prediction. However, such models are not available in challenging environments such as forests, mines or craters on the surface of Mars. For these types of application the full 3D state of the rover has to be estimated and absolute positioning means such as GPS are not available. When the state prediction model is not well known and when no absolute sensing mechanism is accessible to correct the vehicle position, accurate dead reckoning becomes crucial to prevent the position error increasing too quickly. Scheding et al. (1999) present interesting results for an underground mining vehicle. In particular, they demonstrate that inertial sensors can be used to correct non-systematic errors due to soil irregularities when fused with other sensors such as wheel encoders and laser scanners. In Strelow and Singh (2003) , the 6 DOFs of a vehicle are estimated using an IMU and features tracked in images taken by an omnidirectional vision system. In Mallet et al. (2000) and Olson et al. (2001) the 3D state of rough terrain rovers is tracked on the sole base of features tracking and stereovision.
In this work, we are interested in applications where no absolute sensing mechanism is available for long periods of time and where the type of soil is unknown a priori. A good example of such application is the recent NASA Mars Exploration Rover (MER) mission. During this mission, on-board rover position tracking was primarily performed by the IMU, wheel-odometry, and sun-finding techniques. In cases where the rover experiences slippage caused by traversing loose soils or steep slopes, particularly in a crater, the onboard visual odometry technique was applied (Cheng et al. 2006) . At the end of the sol (Martian solar day), telemetry data was used together with imagery in a bundle adjustment algorithm to correct the positions of the rovers. The rovers were typically commanded only once per sol using a pre-scheduled sequence of specified commands (e.g. turn on the spot 30 • , drive forward for 1 m, etc.). So, having an accurate position estimate during the operation of the rovers was of critical importance (Cheng et al. 2006) . The maximum range the rovers could travel within a sol was limited by the positioning error accumulated by dead reckoning. Because the position error grows as a function of the travelled distance, any method reducing this error accumulation will considerably increase the travelled distance per sol.
Thus, the intent of this paper is to combine different methods to reduce as much as possible the errors of dead reckoning. In particular, we show how 3D position tracking can be improved by considering rover locomotion in challenging environments as a holistic problem. Most previous work has focused on a particular aspect of position tracking and/or is limited to relatively flat and smooth terrains. This work proposes to extend position tracking to environments comprising sharp edges such as steps and to consider not only sensing but also mechanical aspects (chassis configuration) and wheel control (slip minimization). In rough terrain, it is crucial to carefully select appropriate sensors and use their complementarity to produce reliable motion estimates. Each sensor has its own advantages and drawbacks depending on the situation and thus relying on only one sensor can lead to catastrophic results. Although the choice of sensors is important, it is not the only aspect to consider. Indeed, the specific locomotion characteristics of the rover and the way it is driven also have a strong impact on pose estimation. The sensor signals might not be usable if an unadapted chassis and controller are used in rough terrain. For example, the signal to noise ratio is poor for an inertial measurement unit mounted on a four-wheel drive rover with stiff suspension. Likewise, odometry provides bad estimates if the wheel controller does not include slip minimization or if the kinematics of the rover is not taken into account in the algorithms. The aim of this research work is to reduce the position error growth by considering all these aspects together.
The document is structured as follows. Section 2 describes the robotic platform developed for conducting this research. This mechanical structure is well adapted for rough terrain and allows smooth motion across obstacles with limited vibration. In Section 3, a method for computing 3D motion increments based on the wheel encoders and chassis state sensors is presented. Because it accounts for the kinematics of the rover, this method provides better results than the standard method. Section 4 proposes a new approach for slip-minimization in rough terrain. Using this controller, both the climbing performance of the rover and the accuracy of the odometry are improved. Section 5 presents the results of sensor fusion integrating 3D-Odometry, inertial sensors and Visual Motion Estimation based on stereovision (VME). The experiments demonstrate how each sensor contributes to increase the accuracy and robustness of the 3D pose estimation. Finally, Section 6 concludes this paper.
Research Platform
At the Autonomous System Lab, we developed a six-wheeled off-road rover called Shrimp, which shows excellent climbing capabilities thanks to its passive mechanical suspension (Siegwart et al. 2000) . The most recent prototype, called SOLERO, has been equipped with sensors and more computational power (see Figure 1) . The rover has one wheel mounted on a fork at the front, one wheel attached to the main body at the rear and two bogies on each side. The parallel architecture of the bogies and the spring suspended fork provide high ground clearance while keeping all six motorized wheels in ground-contact at any time. This ensures excellent climbing capabilities over obstacles up to two times the wheel diameter and excellent adaptation to all kinds of terrains. The steering of the rover is realized by synchronizing the rotation of the front and rear wheel and the speed difference of the bogie wheels (skid-steering).
The ability of SOLERO to move smoothly across sharp obstacles and rough terrain has many advantages. In particular, it allows for limited wheel slip and vibration reduction. Thus, the signal to noise ratio of the onboard sensors and the accuracy of the odometry are significantly improved in comparison with rigid structures such as four-wheel drive rovers. Images with significantly less blur can be acquired and the IMU integration techniques can be applied to improve position tracking in rough terrain.
Control Architecture
SOLERO is equipped with two computers communicating through a crossover ethernet cable (see Figure 2 ). The computer called solerovaio is a laptop in charge of image processing. It acquires images from the stereovision rig and the omnicam through an IEEE 1394 bus and transmits processed data to the second computer, called soleropc104. The latter has access to all other sensors and actuators of the robot. It reads data from an Inertial Measurement Unit through an RS232 port and interfaces an I 2 C bus through its parallel port. The devices attached to the I 2 C bus are: six wheel controllers (capable of both torque and speed control), three servo-controllers, one angular sensor module (measuring the three suspension angles) and an electronic board for the rover's power management. soleropc104 also runs the navigation algorithms and acts as a gateway for the rover's subnet. A host computer (soleroap) can connect to the subnet through a wireless ethernet interface. This allows remote control of the rover through a graphical user interface and watches the rover state during the experiments. The software architecture is divided into five functional modules running as separate processes, i.e., vme, central, onboard, Solero3D and SoleroGUI. The modules run on different computers and communicate using the Inter-Process Communication messaging system (IPC). central acts as a server for the IPC network. It is responsible for routing the messages and holds the system-wide information. onboard is the main process of the architecture. It has access to the low level sensors and actuators and runs the main algorithms, i.e., sensor fusion, navigation and locomotion. On solerovaio, the vme module is in charge of image processing. Finally, Solero3D has been developed to analyse the logfiles stored during an experiment and SoleroGUI is used to remotely control the rover.
3D-Odometry
Odometry is widely used to track the position (x, y) and the heading (ψ) of a robot in a plane π (Borenstein and Feng 1996) . The vector [ x y ψ ] T π is updated by integrating small motion increments sensed by the wheel encoders between two time steps. When combined with the attitude angles acquired by an inclinometer (φ, θ), this technique allows the estimation of the 6 degrees of freedom in a global coordinate system, i.e., [ x y z φ θ ψ ] T W . The orientation of the plane π on which the robot moves is determined using the inclinometer and the motion increment is obtained by projecting the robot displacements in the plane π into the global coordinate system (Lacroix et al. 2002) . This method, which is referred later as the standard method, works well only if the environment does not comprise too many slope discontinuities. Indeed, the positioning error grows quickly during transitions because it assumes that the rover is locally moving in a plane. In rough terrain, this assumption is not appropriate and the transitions problem must be addressed properly. This section describes a new method, called 3D-Odometry, which takes the kinematics of the robot into account and treats the slope discontinuity problem. Odometry based on vehicle kinematics and wheel encoders is addressed in Iagnemma et al. (2001) and Balaram (2000) . However, the results presented focus mainly on straight trajectories and smooth terrains. In this work, we present an approach that deals with sharp obstacles and full 3D trajectories.
The 3D-Odometry computation is divided into two steps: (a) motion estimation of the left and right sides of the robot (Section 3.1); (b) computation of the resulting 3D displacement of the robot's center (Section 3.2). The main reference frames and variables used for 3D-Odometry are defined in Figure 3 .
Bogie Displacement
For SOLERO, the translations of the left and right bogie are used to compute the 3D motion of the robot's center O. The aim of this section is to describe how to compute the displacement ( and η) of one bogie knowing the translations of the wheels (encoder data ER, EF ) and the change of the bogie angle (ε) between the initial and final state (see Figures 4 and 5) .
In what follows, the equations have been developed only for the left bogie. However, the same method is applied for the right bogie and the corresponding equations can be obtained using simple substitution of variables and parameters. To compute the displacement of L we proceed in two steps: (a) the displacement of B is computed in the bogie's frame (Figure 4 ); (b) this motion is propagated through the bogie's mechanical structure to compute the effective displacement of L, expressed in the robot's frame OX r Z r ( Figure 5 ). The equations to calculate the displacement of B is similar to (Iagnemma and Dubowsky 2000b) . However, we extend the approach to calculate the displacement of a full parallel bogie ( and η). Because the distance between the wheels remains constant one can write the following equations (ER, EF and ε being the parameters)
These equations can be solved for φ w and ρ w , which are the wheel-ground contact angles. However, this equation system can be inconsistent in some pathological cases. For example, if ε equals zero then ER must be equal to EF because the distance between the wheels remains constant. In practice, ER and EF can be slightly different because the wheels are subject to slip. When the equation system is inconsistent, we set the bogie displacement equal to the average of the displacements of the two wheels. In the general case, valid solutions are found and the sine theorem is applied in the RR R triangle to compute x and z , which are the coordinates of the displacement of B expressed in the bogie's coordinate system O b xz Figure 5 defines the parameters for computing the displacement of L considering the displacement of B and the mechan- Fig. 3 . Main variables and reference frames for 3D-Odometry. ical structure of the bogie. The effective bogie angle change between state t and t + 1 is obtained using
Because the relative position of L with respect to B depends on the bogie configuration, the displacement of B and L are not the same. This effect must be taken into account to compute the effective displacement of L. Considering that the angular changes and the translations between t and t + 1 are small, the incremental corrections are given by
Then c x and c z are added to x , z to compute the actual displacements of point L expressed in the bogie coordinate system O b xz
Finally, the norm of the displacement and the motion angle η expressed in the robot's frame are given by
3D displacement
The previous section showed how to compute the norm and the direction of motion η of one bogie. The aim of this section is to derive equations to compute the 3D displacement of the robot's center O using the left and right bogie translations. The main schematics for the 3D-Odometry is depicted in Figure 6 .
In what follows, the subscripts l and r are used to denote variables related to the left and right bogie respectively. The angles η r and η l define the planes π r and π l containing C and L . C and L are situated on circles centered at C and L with radius r and l respectively. These constraints lead to the following equations:
distance between the bogie planes C, C initial/final position of the right bogie L, L initial/final position of the left bogie O, O initial/final position of the robot center η r , η l right/left displacement angles r , l right/left absolute displacement π r , π l right/left planes n r , n l normal vectors of π r π l π b plane // to OX r Z r and containing C Fig. 6 . 3D-Odometry, variables definition.
The infinitesimal displacements of the left and right sides of the robot mainly occur in the bogie planes. However, when the robot is turning, the norm of the displacement of one side is larger than the other and that forces a fraction of the motion to occur out of the bogie planes (along Y r ). Because of the nonholonomic constraint, this displacement cannot be measured directly. Thus, we make the approximation that the smallest displacement among r and l takes place in the corresponding bogie plane, giving to the other side an additional degree of freedom along Y r . In the example of Figure 6 , r is smaller than l therefore the right displacement vector is constrained to remain in the bogie plane π b . This constraint is expressed by
When r is bigger than l , one substitutes the subscript r with l in eq. (9). Because the wheelbase W b remains constant, one can write the additional constraint
Finally, the rover's displacement vector is obtained using
Solving the system of nine equations with nine unknowns formed by equation 5 to 11 leads to the solutions for − − → OC , −→ OL and − − → OO (the nine unknowns). The yaw angle increment is computed using
The roll increment φ can be computed by substituting x r and x l by z r and z l in 12. However, we have chosen to rely on the value of the roll angle provided by the inclinometer because this is an absolute angle and therefore it is not subject to drift.
Experimental Results
The Shrimp breadboard (see Figure 9 ) has been used to compare the performance of the 3D-Odometry and the standard method. In order to facilitate the estimation of the ground truth, we used obstacles of known shape: this allows one to compute the true trajectory of the rover using its kinematic model and the geometric parameters of the obstacles. The rover was remotely controlled several times over the obstacles and the trajectories were computed online with both 3D-Odometry and the standard method. For each run we measured the rover's final position and computed the absolute and relative errors. We tested the system for different obstacle configurations as depicted in Figures 7, 8 and 10 . The obstacles are made of wood and the ground is a mixture of concrete and small stones. For all the experiments, the position estimation computed with the standard method diverges quickly. This is due to the fact that the method does not account for the kinematic model of the robot and only considers the attitude of the main body. Although the consequences of this approximation are less relevant on smooth terrains (Figure 7) , they become disastrous when climbing sharp shaped obstacles (Figure 8 ). The position estimations computed by the 3D-Odometry are more accurate and the numerical figures presented in Table 1 confirm these qualitative results.
In order to correctly analyze the error sources of the 3D-Odometry, the main mechanical parameters of the robot were calibrated before the experiments. That way, the remaining error should be due only to non-systematic errors and errors introducted by our approach. The wheel diameters and the wheelbase of the robot were calibrated using the method of Borenstein and Feng (1996) . The pitch offset of the IMU was estimated using the trajectory computed by the standard approach on perfectly flat ground. After the robot completes a full loop, the final height should be equal to the initial height. The pitch offset of the IMU O imu is thus obtained using
where z is the error accumulated along the z axis and s the total path length. After calibration of the offsets, the remaining errors related to the 3D-Odometry are due to non-systematic errors and approximation of the algorithm. The first source of error we might think about is wheel slip. In the case of slip the calculated distance is bigger than the measured one and the results presented in Table 1 can be interpreted that way. However, wheel slip is not the biggest source of error in these experiments. The errors are mainly in the z direction and they are due to non-linearities, variation of the wheel diameters and inaccuracy in the mechanical dimension. For the steep slope experiment, the final error can be explained by a remaining angular offset. Indeed, an offset of one degree leads to an error of around 15 mm in the z direction for 870 mm of horizontal motion. For the sharp edges experiment, these errors cancel out because of the symmetry of the obstacle. In Figure 10 , the experimental setup used to test the full 3D capability of the 3D-Odometry is depicted. As for the first two experiments, a real robot was used. This time, the rover followed the sequence of pre-programmed commands consisting in (a) going straight for 1 m, (b) turning to the right 70 • , (c) going straight for 1 m. Only the right bogie wheels climbed the first obstacle (a) whereas the other wheels kept ground contact. Then, the rover was driven over the second obstacle (b) with an incident angle of approximatively 20 • . The interest in such an experiment is that it forces the chassis to adopt asymmetric configurations and allows one to test the full 3D capability of the 3D-Odometry. The true final position and orientation of the rover was hand-measured and compared with the computed final position. The average error at the goal is only x = 0.02 m, y = 0.02 m, z = 0.005 m, ψ = 3 • for a total path length of around 2 m. This corresponds to a relative error of 1.4%, 2%, 2.8% and 4% respectively. SOLERO and Shrimp have the same non-hyperstatic mechanical structure that yields a smooth trajectory in rough terrain. As a consequence wheel slip is intrinsically minimized. When combined with 3D-Odometry, such a design allows one to use odometry as an additional means to track the rover's position in rough terrain. Moreover, the accuracy of odometry can still be significantly improved using a dedicated controller minimizing wheel slip. This is described in the next section.
Wheel Slip Minimization
For wheeled rovers, the motion optimization is generally related to minimizing wheel slip. Minimizing slip not only limits odometric error but also increases the robot's climbing performance and traction. Several approaches to slip minimization in rough terrain can be found in the literature. The controller developed in van der Burg and Blazevic (1997) derives from the Anti-lock Breaking System and uses the wheel slip information to correct individual wheel speed. Baumgartner et al (2000) propose a velocity synchronization algorithm, which minimizes the effect of the wheels "fighting" each other. This algorithm has been implemented on the NASA FIDO rover. The first step of the approach consists in detecting which of the wheels are deviating significantly from the nominal velocity profile. Then a voting scheme is used to compute the required velocity set point change for each individual wheel. Because such methods adapt the wheel speeds when slip has already occurred, they are referred to as reactive approaches.
A controller providing better performance might be developed by considering the physical model of the rover and wheel-soil interaction models. Thus, the traction of each wheel is optimized considering the load distribution on the wheels and the soil properties. Such approaches are referred to as predictive approaches. In Iagnemma and Dubowsky (2000a) and Iagnemma et al. (2001) , wheel-slip limitation is obtained by minimizing the ratio T /N for each wheel, where T is the traction force and N the normal force. Yoshida et al. (2002) propose a method minimizing slip ratios and thus avoid soil failure due to excessive traction. The physics-based controllers are very sensitive to soil parameter variation and difficult to implement on real rovers. Iagnemma et al. (2002) propose a method for estimating the parameters as the robot moves, but the approach is limited to a rigid wheel travelling through deformable terrain. During exploration missions, the rover can travel on different kinds of soil (rock, gravel, sand, grass, etc.) whose characteristics are not known in advance.
Both the wheel-soil interaction models and parameters should be adapted depending on the terrain. This requires development of a terrain classifier able to detect all kinds of soil and a way of estimating the parameters for each class as the robot moves. In practice, this is tedious to implement because it is impossible to cover the entire space of possibilities. However, if a priori knowledge about the environment is available, a method such as that presented in Brooks et al. (2005) might be implemented to classify and detect a limited set of terrain classes. In this section, we propose a predictive controller that accounts for the load distribution on the wheels and does not require a priori knowledge about wheel-soil interaction models and terrain classification. The proposed closed-loop approach estimates the rolling resistance torque online using the sensing capabilities of the rover instead of relying on possibly inaccurate/unknown models.
Quasi-static Model
The speed of an autonomous rover is limited in rough terrain because the navigation algorithms are computationally expensive (image processing, path planning, obstacle negotiation, etc.) and the onboard processing power is limited: this requires the rover to move slowly. In this range of speeds, typically smaller than 20 cm/s, the dynamic forces might be neglected and a quasi-static model is appropriate. Such a model can be solved for contact forces and motor torques knowing the state of the robot and the wheel-ground contact angles. To develop such a model, a mobility analysis of the rover's mechanical structure is performed using the Kutz-Bach Criterion (Mabie and Reinholtz 1987) . This ensures a consistent physical model of SOLERO with the appropriate degrees of freedom at each joints (Lamon et al. 2004) . Then the forces are introduced and the equilibrium equations are written for each part of the rover's chassis, i.e., 18 parts and 108 equations. Because we have no interest in implicitly calculating the internal forces of the system, it is possible to reduce this set of independent equations. The variables of interest are the 3 ground contact forces on the front and the back wheel, the 2 ground contact forces on each wheel of the bogies and the 6 wheel torques. This makes 20 unknowns of interest and the system can be reduced to 15 equations. This leads to the following equation system:
where M is the model matrix depending on the geometric parameters and the state of the robot, U a vector containing the unknowns and R a constant vector. It is interesting to note that there are more unknowns than equations in 14. This means that there is an infinite set of wheel-torques guaranteeing the static equilibrium 1 . This characteristic is used to control the traction 1. It can be mathematically proven that the six wheel torques are linearly dependent and that a set of equal torques is a solution of the system. of each wheel and select, among all the possibilities, the set of torques minimizing slip. As in Iagnemma and Dubowsky (2000a) , the optimal torques are selected by minimizing the function
where T i and N i are the traction and the normal force applied to wheel i. Our optimization method combines different algorithms and is depicted in Figure 11 . First, a set of six equal torques is chosen as the initial solution and checked versus (a) motor saturation (the torques must be smaller than the maximal available torque), and (b) positive normal forces (the normal forces N i must be greater than zero). If this solution is valid, it is taken as the initial solution for the Fixed Point Optimization (A). If it does not fulfil the constraints, a valid initial solution is computed using the Simplex Method (B). The optimal solution M o is then provided either by (A) or Gradient Optimization (C). We have chosen this optimization scheme because most of the states are handled by (A), which is computationally very light in comparison with a monolithic, non-linear/constrained optimization algorithm. Thus, the optimization runs in real time. More technical details about the pseudo-static model of SOLERO and the optimization algorithms can be found in Lamon et al. (2004) . Optimal torques ( ) Fig. 11 . Optimization algorithm. On a 1.5 GHz processor, the execution time for the algorithms A, B and C is 6 ms, 5 ms and 20 ms respectively. The worst case is about 31 ms but most of the states (70%) are handled in only 6 ms.
Rolling Resistance Estimation and Rover Motion
A static model balances the forces and moments on a system to remain at rest or maintain a constant speed. Such a system is an ideal case and does not include resistance to movement. Therefore, an additional torque compensating the rolling resistance torque must be added to the wheels in order to complete the model and guarantee motion at constant speed. This results in a quasi-static model. Unlike other approaches, we do not use complex wheel-soil interaction models, whose parameters are generally unknown. Instead, we introduce a global speed control loop, in order to estimate the rolling resistance as the robot moves. The final controller, minimizing wheel slip and including rolling resistance, is depicted in Figure 12. The kernel of the control loop is a PID controller. It enables estimation of the additional torque to apply to each wheel in order to reach the desired rover's velocity V d and thus, minimizes the error V d − V r , where V r is the actual rover's velocity 2 . M c is actually an estimate of the global rolling resistance torque M r , which is considered as a perturbation by the PID controller. The rejection of the perturbation is handled by the integral term I of the PID. We assume that the rolling resistance is proportional to the normal force, thus the additional torques to apply to each wheel is calculated using 16) where N i is the normal force on wheel i and N m the average of all the normal forces. The derivative term D of the PID allows one to account for non-modeled dynamic effects and helps to stabilize the system. The same set of parameters can be used for very different terrains because the stability margin offered by such a system is large: the ratio between the rover's inertia and the motor torques is large. Furthermore, we are more interested in minimizing slip than in reaching the desired velocity very precisely. For locomotion in rough terrain, a residual velocity error is accepted as long as slip is minimized.
Experimental Results
A simulation phase using Open Dynamics Engine 3 was initiated to test the approach and verify the theoretical concepts 2. The rover velocity is estimated using the sensor fusion algorithm presented in Section 5 3. This library simulates rigid body dynamics in three dimensions, including advanced joint types and contact detection with friction. and the validity of the assumptions. The simulation parameters were set as close as possible to the real operating conditions and different friction coefficients were used. However, the intent is not to get exact outputs but to compare different control strategies. In the experiments, wheel slip was taken as the main benchmark and the performance of our controller (predictive) was compared with that of the controller presented in Baumgartner et al. (2000) (reactive). The reactive controller implements speed control (spd) for the wheels whereas torque control (trq) is used in our approach. The slip of wheel i at time step k is computed using
where w i (k−1,k) is the true wheel displacement, θ i (k−1,k) the angular change and R the wheel radius. The total slip of the rover integrated during an experiment is defined as
Three-dimensional terrains are used for the experiments and two examples are presented in Figures 13 and 15 . Because the trajectory of the rover depends on the control strategy, we consider an experiment as valid if the distance between the final positions of both paths is smaller than 0.1 m (for a total distance of about 3.5 m). This distance is small enough to allow performance comparison. For all the valid experiments, predictive control showed better performance than reactive control. In some cases the rover was unable to climb some obstacles and to reach the final position when driven using the reactive approach. All the results obtained during the experiments are similar to those depicted in Figures 14 and 16 . The results for the two examples are presented in Table 2 . It can be seen that the integrated wheel slip of the rover is smaller if predictive control is used. Fig. 13 . Simulation environment for Experiment 1.
On flat terrain the performance of both controllers are identical and wheel slip is zero. As soon as bumps and slopes are introduced, the instantaneous slip for each wheel is reduced when using predictive control: the peaks are at the same places for both controllers but the amplitude is smaller with the predictive controller. That means that when a wheel slips at a given place, it slips less when predictive control is used. This major behavior can be observed in Figures 14 and 16 when looking closely at curves 1 and 2. It may occur that the peaks are not aligned but that is mainly due to trajectories being slightly different. The improvement is difficult to quantify because it depends strongly on the kind of terrain. However, because this behavior has been observed systematically for all the experiments we performed, it validates the benefit of using a predictive controller. As said before, the focus has been on comparison of the two controller not on the absolute performance.
Another important result of the simulations is that they allowed the approach to be tested against violation of the strong assumptions that have been made during the development of the controller, i.e., the wheels always have ground contact, there is no slip and there is no dynamic effect. During the experiments these assumptions were all violated but no instability was observed and the controller performed well in all the tested configurations, even in difficult situations such as depicted in Figure 15 . Figure 13 ). Fig. 15 . Simulation environment for Experiment 2. This terrain was generated randomly using random step, sinus, circle and particle deposition functions, with different gaussian distributions. Fig. 16 . Integrated wheel slip and instantaneous wheel slip for the front wheel (the curves correspond to the simulation environment depicted in Figure 13 ).
Such a controller improves the climbing capabilities of the rover and limits wheel slip, which in turn improves the accuracy of odometry. This contributes to better position tracking in rough terrain. Our approach can be adapted to any kind of wheeled rover and the necessary processing power is low, which makes online computation possible. Furthermore, the controller does not rely on a wheel-soil interaction model, which introduces unknowns during exploration missions, because it computes the rolling resistance online. Finally, the simulations show promising results and the system is mature enough to be implemented on SOLERO for more experiments. More technology details about the implementation can be found in Lamon and Siegwart (2005) .
Sensor Fusion
In our approach an Extended Information Filter (EIF) is used to combine the information acquired by the sensors. This formulation of the Kalman filter has interesting features: its mathematical expression is well suited to distributed sensor fusion (Nettleton et al. 2003) and allows one to easily accommodate any number of sensors, of any kind. In this section, experimental results integrating inertial sensors, 3D-Odometry and Visual Motion Estimation are presented. Figure 17 depicts the schematics of the sensor fusion process.
Sensor Models
The position, velocity and attitude can be computed by integrating the readings from the IMU. However, both accelerometers and gyros are influenced by bias errors. Even if these offsets are small they will cause an unbounded growth of the error of integrated measurements. The measurements of the accelerometers are thus modeled as 19) and the gyros as
W R is the direct cosine rotation matrix that transforms values expressed in the world-fixed coordinates system W into the robot's coordinates system R. This matrix is a function of the angles φ (roll), θ (pitch) and ψ (yaw). The bs and vs are the biases and the measurement noise of the signals respectively. Unlike roll and pitch, the heading of the rover is not periodically updated with absolute data. Therefore, in order to limit the error propagation, a special provision is included in the z-gyro model: a more accurate modeling, incorporating the scaling error ωz . Equations 19 and 20 are non-linear and the first-order Taylor expansion is used for linearization.
The robot SOLERO used for this research is a skid-steered rover and the natural and controlled motion is mainly in the forward direction (in the OX r Z r plane). Thus, the motion estimation errors due to wheel slip and wheel diameter variations have much more effect in the rover's x-z plane than along the transversal direction y. Therefore, scaling errors ox and oz , modeling wheel slip and wheel diameter change, have been introduced only for the x and z-axes.
Development of an error model for wheel slip is not possible because the robot drives across various types of terrains, whose parameters are not known in advance. Thus, we set the uncertainty of the odometry as being a function of the acceleration undergone by the rover. Indeed, slip mostly occurs in rough terrain, when negotiating an obstacle, when the robot is subject to accelerations. Furthermore, at constant speed, the acceleration is zero and thus acceleration does not bring much information. In this particular case, position estimation relies mainly on odometry and VME. Similarly, we set the uncertainty for yaw as being a function of the angular rate. The covariance matrix associated to the 3D-Odometry is then Fig. 17 . Sensor fusion scheme. The Inertial Sensor (IS) is divided into two logical sensors: an inclinometer (inc) and an inertial measurement unit (imu).
where k x , k y , k z and k ψ are proportional factors and g x , g y and g z are the gravitational components in the rover-fixed frame. The gains are set depending on the detected wheel slip, which is obtained using exteroceptive sensors such as visual odometry. This approach proved to work well and has been validated during the experiments.
State Prediction Model
The state prediction model determines the transition of the state vector from one time-step to another. In our case, it has the following form: 
The angular rates, biases, scaling errors and accelerations are random processes, which are affected by the motion commands of the rover, time and other unmodeled parameters. However, they cannot be considered as pure white noise because they are highly time correlated. In order to illustrate this statement, let us assume that the rover is subject to an acceleration of 1g at time t. At time t + 1, the acceleration cannot reach −1g because the rover has a certain inertia and the elapsed time between t and t + 1 is small (10 ms in our case). Thus, the signals are time correlated and therefore they are modeled as first-order Gauss-Markov processes whose auto-correlation function is
where 1/τ is the time constant defining the correlation time and σ 2 is the variance of the process. Such a model allows one to better account for the dynamics of each member of the state vector. For example, a bias associated with an accelerometer varies more slowly than the acceleration itself. Thus, the time constant for the bias is set greater than the one for the acceleration. In practice, this approach to state propagation provides better results than a simple Gaussian noise model. The discrete differential equations of the first and second integral of a Gauss-Markov process are computed using the inverse Laplace operator:
where p 2 and p 3 are respectively the first and second integral of the Gauss-Markov process p 1 and h is the sampling time.
The covariance matrix Q p associated with a Gauss-Markov process is derived by computing the individual expectations E{p i p j } with i, j = 1, .., 3. Thus, because the accelerations, biases and scaling errors are modeled as Gauss-Markov processes, one can write
where diag (a, b, c) refers to a diagonal matrix composed of the elements a, b and c. The derivation of F ω is more tedious because the dynamics of x ω is non-linear. Furthermore, the small-angle approximation cannot be made because the robot moves on rough terrain, where angular variations can be of high amplitude. The following equations describe the nonlinear state transition of x ω :
Finally, the linearized 6x6 matrix F ω is obtained by computing the Jacobian of the f i functions with i = 1, . . . , 3.
Experimental Results
In order to better illustrate how each sensor contributes to the pose estimation and in which situation, the experiments have been divided into two parts. The first part describes the results of sensor fusion using inertial sensors and 3D-Odometry only, whereas the second part involves all three sensors, i.e., 3D-Odometry, inertial sensors and VME.
Inertial and 3D-Odometry
To assess the performance of the sensor fusion algorithm, the robot was driven across different experimental setups and the final position hand-measured for each run. Then, we compared the 3D-Odometry trajectory with the one combining both inertial sensors and 3D-Odometry. Figure 18 depicts the most difficult obstacle the rover had to climb during the experiments. This kind of obstacle is very difficult to negotiate for a wheeled rover because of the sharp edges and the low friction coefficient. A lot of slip occurred while climbing the step and the rover bounced on the ground when the rear bogie wheels went down from the concrete blocks. The different events occurring during the experiment are easily identified when looking at the z-accelerometer signal (see Figure 18) . Table 3 reports the measurements for five runs together with the final position errors. The third run, highlighted in the table, is used as the reference experiment for the following figures.
The error along the x-axis is the same for both the 3Dodometry and the filtered trajectories. This is because wheel slip mainly occurs when the robot starts climbing the obstacle at constant speed, while the trajectory is smooth. During this phase, the accelerometers do not detect velocity change and therefore cannot help to correct the position (see Figure 18 (a) and (b)). On the other hand, when the rover moves down from the obstacle (Figure 18(c) and (d) ), the variance of the odometry increases and the z-accelerometer information allows correction of the trajectory. This can be observed in Figure 19 : odometry is corrected using the accelerometers in area (c) and (d), which correspond to high acceleration intervals.
The error in the y-direction is mostly due to the heading error occurring during asymmetric wheels slip. The odometry is very sensitive to this effect and the yaw estimation can diverge significantly even for relatively small slip. Figure 20 shows how the yaw gyro helps to correct the heading. The result is a noticeable diminution of the error along the y-axis (see Table 3 ).
To test the system in a more general case, the rover was driven several times across the scene depicted in Figure 21 . Each time, the operator remotely controlled the rover in order to close the loop. For each run, the final error of the filtered trajectory was smaller than that estimated using odometry only. A typical result is depicted in Figure 21 . For this particular experiment, the final error [ x , y , z , ψ ] is [0.16m, 0.142m, 0.014, 18 • ] for 3D-Odometry and only [0.06m, 0.029m, 0.012m, 1.2 • ] with the aid of the IMU.
The experimental results show that the inertial sensors help to correct odometric errors and significantly improve the pose estimate. The main contributions occur locally when the robot overcomes sharp-shaped obstacles and during asymmetric wheel slip. The improvement given by sensor fusion becomes more and more pronounced as the total path length increases.
Enhancement with VME
In the previous tests, only proprioceptive sensors have been integrated to estimate the robot's position. Even if the inertial sensor helps to correct odometric error, there are situations where this pair of sensors does not provide enough information. For example, the situation where all the wheels are slipping is not detected by these sensors. In this case, only the odometric information is integrated, which produces the estimated final position is very close to the measured final position. A total error of 4 mm for a trajectory longer than 1 m (0.4%) is very satisfactory, given the difficulty of the terrain.
As shown in Figure 24 , the variance of the position estimate globally increases as a function of time 5 . This is because no absolute information is used to reset the position in a global reference frame. The "sawtooth" shape of the curve at a global level is due to the VME updates whereas the "sawtooth" shape at a local level is due to the odometry updating the position estimated on the sole base of the inertial sensor. When the uncertainty of VME is large, the estimation has less weight and the variance along x remains high. Such a behaviour is expected and the filter provides consistent and robust estimates. 5. The growth in uncertainty could be reduced by applying short memory SLAM.
The result would have been catastrophic if the rover's position was estimated solely on the basis of vision.
Conclusions
For this work, a fully functional rover was developed and used to validate the proposed approaches through experiments. This new research platform, called SOLERO, demonstrated how 3D position tracking is improved by considering rover locomotion in rough terrain as a holistic problem. The first aspect that has been considered is the selection of an appropriate mechanical design. SOLERO has been selected because it allows smooth motion across rough terrain with limited wheel slip and vibration. This leads to good signal to noise ratios for the sensors and, in particular, enables the use of inertial sensors in rough terrain. Thus, the development of an appropriate chassis directly contributes to better position tracking. A method called 3D-Odometry has been developed to compute motion increments based on wheel encoders and chassis state sensors. Because it accounts for the rover's kinematics, this technique provides better motion estimates than the standard approach. The improvement brought about by 3D-Odometry is particularly large when considering obstacles comprising sharp edges. To further improve the accuracy of odometry and maximize wheel traction, a predictive controller minimizing wheel slip has been developed. The approach can be applied to various types of terrain because it does not explicitly rely on complex wheel-ground interaction models, whose parameters are unknown during exploration missions. Instead of a model based approach, the sensing capabilities of the rover are used to estimate the rolling resistance online. The controller can be adapted to any kind of passive wheeled rover and runs in real time. Finally, the results of sensor fusion using 3D-Odometry, inertial sensors and visual motion estimation based on stereovision are presented. The experiments demonstrate how each sensor contributes to increase the accuracy and robustness of the 3D pose estimation. Finally, as the position error grows as a function of the distance travelled, all the results presented in this work are scalable. Indeed, each method improved the accuracy of position tracking locally (for several meters), which means that the benefit of combining theses approaches becomes greater as the rover drives for longer distance.
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Appendix: Index to Multimedia Extensions
The multimedia extension page is found at http://www. ijrr.org. 
